This paper assesses the impact on short-range quantitative precipitation forecasts (QPFs) of assimilating zenith total delay (ZTD) and rainfall observations associated with a winter storm that occurred from 5-6 December 1997 in southern California. Assimilation of hourly rainfall improves the threat score by more than 300% within the assimilation window, but such an improvement drops quickly to 30% or lower beyond this window. The assimilation of ZTD observations does not produce a rainfall distribution as close to the observations as does the assimilation of rainfall within the assimilation window (only a 34% improvement). However, improvement in the QPFs beyond the window from the ZTD experiment is comparable to that from the rainfall experiment. Assimilation of ZTD and rainfall observations modifies the thermodynamic structures of the atmosphere, favoring development of precipitation in the observed rainy areas. The horizontal and vertical wind velocities are also adjusted consistent with the precipitation process. A spectral analysis of observed and simulated hourly rainfall, as well as the model forecast difference with and without data assimilation, indicates that rainfall assimilation adjusts the model variables on smaller scales (25 to 50 km) while the ZTD assimilation adjusts the model variables mainly on larger scales (> 50 km).
Introduction
Although significant improvements of many quantities have been obtained in short-range forecasts over the last several decades, improvements in short-range QPFs have been minimal. The difficulties in obtaining shortrange QPFs include large uncertainties in the parameterization of complicated moist physical processes as well as uncertainties in the initial conditions. With the development of remote sensing technologies, a greater number of observations are now available from various types of instruments. It is expected that short-range QPFs can be improved by assimilating these new observations into numerical models.
Accurate model forecasts of precipitation on the mesoscale are impaired by poor knowledge of the water vapor field on small scales. It is difficult to measure atmospheric water vapor with a desirable resolution in space and time for numerical weather prediction (NWP) and research purposes, mainly because of the high variability of water vapor on both small time and space scales. Radiosondes are the traditional way of measuring atmospheric water vapor. Radiosondes, however, are relatively expensive, with an estimated cost of $250 per launch. Thus, radiosonde measurements are generally limited to twice a day and are separated by several hundred kilometers in space over land. Over oceans, radiosonde observations are extremely sparse.
A new way of measuring water vapor has been developed based on the Global Positioning System (GPS). The GPS techniques measure the delay of radio signals as they propagate through the electrically neutral atmosphere. The zenith total delay (ZTD) and/or precipitable water (PW) values can be derived from ground-based GPS measurements of radio signal delays (Bevis et al. 1992) . PW is defined as the vertically integrated water vapor content in a column atmosphere. ZTD is derived from the GPS measurements of radio signal delays, and PW is then derived from ZTD through a proportional relationship between ZTD and PW. GPS PW estimates are accurate at the millimeter level if accurate information on the orbits of GPS satellites is available and can be superior to those of water vapor radiometers (Rocken et al. 1995; Duan et al. 1996) . ZTD and PW are potentially important to NWP because they provide an estimate of available water vapor content.
Several related studies have previously been completed. Kuo et al. (1996) assimilated PW observations as well as conventional data into a mesoscale model via the four-dimensional variational (4D-Var) approach. Their results showed that the assimilation of PW observations, together with other conventional data, led to improvements in the water vapor analysis and the short-range precipitation forecasts. Xiao et al. (2000) assimilated Special Sensor Microwave Imager (SSMI)-derived PW into a mesoscale model and obtained an improved prediction of cyclone track, cyclone-associated frontal structure, and precipitation along the front. Guo et al. (2000) assimilated GPS-derived PW via a 4D-Var approach and showed that the PW had a positive impact on the shortrange precipitation forecast. De Pondeca and Zou (2001a and 2001b) conducted both Observing System Simulation Experiments (OSSE) and real GPS-based ZTD data assimilation experiments to assess the feasibility of assimilating ZTD data into atmospheric models via the 4D-Var approach. They found that the threedimensional water vapor profiles retrieved from the ZTD data were comparable in accuracy to those retrieved from PW data, and the assimilation of ZTD data together with profiler wind and virtual temperature information led to improvements in short-range precipitation forecasts. In their study, however, rainfall observations were not incorporated into the assimilation procedure. According to Zou and Kuo (1996) , Zupanski and Mesinger (1995) , and Peng and Zou (2001) , assimilation of rainfall observations also leads to improvements in short-range QPFs. In this study we examine differences and improvements in short-range QPFs when both rainfall observations and ground-based GPS ZTD observations are assimilated together. We also consider how ZTD data and rainfall observations affect the thermodynamic structure of the atmosphere.
In the following section, a brief description of the forecast model, observations, and case selection are presented. In Section 3, we describe three 4D-Var experiments. Numerical results are presented in Section 4. Section 5 provides a summary and discussion.
Descriptions of the model,
observations, and case selection
MM5 4D-Var system
The models used in this data assimilation study are the Penn State/NCAR nonhydrostatic mesoscale model version 5 (MM5) and its adjoint. The MM5 is a limited-area, nonhydrostatic primitive equation model with multiple options of physical parameterization schemes (Dudhia 1993) . The physical options chosen for this study include the Blackadar high resolution planetary boundary layer parameterization, grid-resolvable precipitation, and the Dudhia microphysics scheme (Dudhia 1989) . The MM5 adjoint model was developed by Zou et al. (1997) . The same set of model physics was used in both the nonlinear and adjoint models.
Dudhia's microphysics scheme (Dudhia 1989 ) is a simple ice scheme, modeling the ice processes in the explicit predictions of cloud and rain water fields. In this scheme, it is assumed that there is no supercooled water. Melting is assumed to take place within one model level of the 0 C temperature level, such that cloud, ice and snow melt immediately upon descending below this level, and cloud water and rain immediately freeze upon rising above this level. This assumption is good for slowly falling particles but does not account for the development of heavy particles or those subjected to intense vertical motion. Particles such as graupel and hail that form through mixed phase growth are neglected, since it is not possible to adequately represent them with the assumptions mentioned above.
Observations
The observations used in our data assimilation experiments include GPS-derived ZTD and hourly accumulated rainfall from rain gauge measurements. The ZTD observations were obtained from 26 GPS receivers located in the southern California integrated GPS network (Bock and Williams 1997) . The average station separation is 20 km. The maximum and minimum differences between the heights of the GPS stations are approximately 1730 m and 1 m, respectively. GPS data processing was done at the Jet Propulsion Laboratory (JPL) using the GIPSY software (Webb and Zumberge 1997) . Data from each station is available at 15-min intervals. The mean observational error does not exceed 6 mm. The rainfall observations are obtained from 51 rain gauge sites over southern California. A constant error of 0.5 mm/h was used in the data assimilation. Figure 1 displays the locations of both types of observations. ZTD consists of two parts: zenith hydrostatic delay (ZHD), and zenith wet delay (ZWD). Estimates of ZTD are readily available from measurements of signal phase from GPS satellites at ground-based GPS receivers. As previously shown (Saastamoinen 1971; Davis et al. 1985; Bevis et al. 1992; Janssen 1993; De Pondeca et al. 2001) , ZTD (units: m) can be expressed as
where A ¼ ð2:2779 G 0:0024Þ; f ðf; HÞ ¼ 1 À 0:00266 cos 2f À 0:00028H, a correction factor that accounts for variations of the acceleration due to gravity; p s is the pressure (hPa) at the site of the GPS antenna located at latitude f (rad) and height H (m) above the Earth's surface; T is the temperature (K); e is the water vapor pressure; and k
and k 3 ¼ ð3:776 G 0:004Þ Â 10 5 K 2 (hPa) À1 are two constants. The first term on the right side of (1) is the zenith hydrostatic delay (ZHD) while the second term is the zenith wet delay (ZWD). It is shown that the ZWD is proportional to the precipitable water PW (Davis et al. 1985) :
where the non-dimensional constant of proportionality, P, is a function of a suitably defined column mean temperature, the density of water, and the constants k 0 2 and k 3 . ZWD is approximately 6.4 times PW when expressed in the same unit of length (Bevis et al. 1992) . Assimilation of ZTD instead of PW is necessary in cases when either pressure or column mean temperature measurements are not available.
An accurate estimate of station elevation H is critical for an accurate estimate of ZHD. For instance, when ZHD is estimated from the model, the difference between the elevation of the GPS antenna and the model terrain must carefully be taken into account (De Pondeca and Zou 2001a) . As pointed out by De Pondeca and Zou (2001a) , the differences between the 6-km model topography of the MM5 and station elevations over southern California can be as large as 900 m. Near sea level, a 900 m height difference roughly translates into a pressure difference of 90 hPa, corresponding to a significant difference in ZHD values (approximately 204 mm).
Synoptic overview of the selected case
The case selected for this study is a California winter storm that occurred during 5-6 December 1997. Intense rainfall was observed over most of southern California. At 0000 UTC 6 December 1997, a strong low pressure center (with a central pressure of 984 hPa) was approaching the coastline of southern California with an occluded front extending southeastward from approximately 35 N, 131 W to 34 N, 124 W (Fig. 2) . A very strong southwesterly wind brought large amounts of warm, moist air into the coastal regions. A large area of moderate to intense rain covering the coastline can be seen in radar reflectivity measured at 0100 UTC 6 December 1997 ( Zou 2001b) . Precipitation was observed as early as 1200 UTC 5 December over the area ahead of the warm front, while intense rainfall was observed between 1800 UTC 5 December and 1200 UTC 6 December. We focus our study on a short period from 0000 to 0400 UTC 6 December 1997.
Experiment design
The model domain, as shown in Fig. 1 , covers southern California, with a horizontal resolution of 6 km (a total of 85 Â 55 horizontal grid points) and 20 vertical levels. Data assimilation experiments are conducted over a one-hour time window from 0000 UTC to 0100 UTC 6 December 1997. Following De Pondeca and Zou (2001b) , the initial and boundary conditions at 0000 UTC 6 December are obtained from a 12-h forecast over three nested-grid domains (with horizontal resolutions of 54 km, 18 km and 6 km, respectively) initialized at 1200 UTC 5 December 1997. De Pondeca and Zou (2001b) provided details of this forecast. The use of a 12-h forecast before the start of the data assimilation is intended to remove unrealistic gravity waves that are usually excited at the beginning of model integration and allows the model to generate mesoscale features in its initial conditions. The cost function for the 4D-Var experiment is defined as follows:
where x represents the vector of model state variables and the subscripts ''0'' and ''b'' denote the initial state and the background field, respectively. N1 and N2 are the numbers of rain gauge stations and GPS sites, respectively, and M denotes the number of time levels at which ZTD observations are assimilated. H P and H ZTD represent the operators of precipitation and ZTD, respectively. B; R P , and R ZTD are three diagonal error covariance matrices for the background vector, rainfall observations, and GPS-derived ZTD, respectively. P fcst and P represent the 1-h accumulated rainfall from the model forecast and rain gauge observations, respectively, while ZTD obs is the GPS-derived ZTD observations.
The first term in (3) is a simple background term measuring the distance between the model's initial condition x 0 (to be adjusted through an iterative minimization procedure) and the background field x b , which is a 12-h forecast. The error covariance matrix B is obtained based on the differences between the 1-h model forecast and the initial state.
The second term in (3) is the observation term for rainfall. One hour accumulated rainfall observations ending at 0100 UTC are assimilated. The operator H P represents the interpolation of model-produced rainfall from model grids to rain gauge stations. The error variances for the rainfall observations are set to be constant, corresponding to an estimated precipitation observation error of 0.5 mm.
The third term in (3) is the observation term for ZTD, which is assimilated at 15-min intervals during the assimilation window. For the ZTD observational operator, the input variables are pressure, specific humidity, and temperature. The station elevation enters the calculation of ZTD [eq. (1)] in three ways: the pressure p s , which depends strongly on the station elevation; the correction factor f ðf; HÞ; and the lower boundary of the vertical integrals of the second term of (1) (i.e., the ZWD term). As discussed by De Pondeca and Zou (2001a), three distinct cases occur when one compares the station elevation with the model topography: where the station elevation is higher, lower, or equal to the model topography. In all three cases, a 16 point bi-quadratic interpolation (Guo and Chen 1994 ) is adopted to carry out the horizontal interpolation of the model fields to the GPS sites. The error variances for ZTD are time-dependent and derived along with ZTD itself from signal-phase measurements at the GPS receivers. Errors in the ZTD observations generally vary from 0.1 mm to several millimeters.
We conduct three experiments: experiment ERAIN assimilates only rainfall observations, EZTD includes only ZTD observations, while EBOTH incorporates both rainfall and ZTD ob- servations. Each experiment is performed at a 6-km horizontal resolution over a 1-h period between 0000 UTC and 0100 UTC 6 December. The minimization procedure adopts the iterative limited-memory Newtonian method developed by Liu and Nocedal (1989) . The values of the cost-function ðJÞ are calculated after the forward model integration. The values of the gradient of J ð'JÞ are obtained by integrating the adjoint model backwards in time through the assimilation window from the ending time to the initial time. Calculation of both J and 'J is required at each iteration. In this study, the maximum number of iterations for minimization was set at 30. Forecasts with initial conditions obtained by ERAIN, EZTD, and EBOTH are compared with each other and with a control experiment in which no data assimilation was performed (CTRL).
Numerical results

Rainfall prediction
Figures 3 and 4 show the observed and predicted first 1-h and subsequent 3-h accumulated rainfall, respectively. From 0000 UTC to 0100 UTC, there are three observed heavy rain locations with rain rates exceeding 10 mm/hr along the coastline (Fig. 3a , hereafter referred to as R1, R2 and R3 from north to south) accompanied by two inland light rain locations (hereafter referred to as R4 and R5 from north to south). For the subsequent 3-h accumulated rainfall (Fig. 4a) , a large precipitation area is seen along the coastline with small heavy rain areas embedded. Compared with observations, we find that the control forecast (Figs. 3b and 4b) captures the overall observed precipitation area, but the locations of the heavy rainfall from the model do not match well with those from the observations. Furthermore, the control forecast also underestimates the heavy rainfall along the coastline and produces small amounts of unobserved rainfall over Santa Catalina Island and near Point Conception. We next consider the impact of assimilating both ZTD and hourly rainfall observations. We show how well the model can be fitted to the observations and then analyze the forecast differences with and without data assimilation.
The values of the different terms in the cost function with respect to the number of iterations of the minimization for ERAIN, EZTD, and EBOTH are shown in Fig. 5 . The total costfunction values decrease by more than one order of magnitude for each 4D-Var experiment, with most of the reduction occurring during the first ten iterations.
We calculated the time evolution of the root mean square error (RMSE) and bias error of model-derived ZTD with respect to GPSobserved ZTD within the assimilation window, averaged over all of the GPS stations. We found that the RMSE and the ZTD bias for the control run within the assimilation window are as large as approximately 12 mm and À9 mm, respectively. After the ZTD assimilation, the dry bias in the control forecast was reduced from 9 mm to less than 1 mm and the RMSE was also significantly reduced from approximately 11 mm to 3 mm (not shown).
Figures 6 and 7 show differences in predicted rainfall between the 4D-Var experiments (ERAIN, EZTD, and EBOTH) and the control run for 1-h accumulated rainfall ending at 0100 UTC and 3-h accumulated rainfall ending at 0400 UTC, respectively. By comparing Fig. 6 with Fig. 3a , it is shown that, after rainfall assimilation, the positions of positive difference (increased rainfall after data assimilation) areas match those of observed rainfall locations R1, R2, R3, and R5 very well. The positions of negative difference (decreased rainfall after data assimilation) centers also match well with those of observed light-rain or no-rain regions between the heavy rain bands. In EZTD, which does not assimilate rainfall observations, smaller changes are found near R3 and R5 during the first hour. This is due to the fact that most GPS ground sites are located to the south of the rain gauge-measured precipitation areas. For the 3-h accumulated rainfall prediction beyond the assimilation window (Fig. 7b) , we find that the impact of ZTD extends further to the north.
The threat scores (Peng and Zou 2002 ) of the rainfall forecasts from CTRL, ERAIN, and EZTD for the 1-h accumulated rainfall ending at 0100 UTC and 3-h accumulated rainfall ending at 0400 UTC are displayed in Fig. 8 . Within the assimilation window, assimilation of ZTD alone (EZTD) produces minor improvements in the QPFs at 1, 2, and 5 mm thresholds. The other two experiments in which observed rainfall data are assimilated (ERAIN and EBOTH) result in significant improvements in the QPFs for all threshold values. However, beyond the assimilation window (Fig. 8b) , improvements in QPFs for ERAIN and EBOTH drop quickly to near the level of EZTD. It is encouraging that the assimilation of ZTD produced a small positive impact on the QPFs. Given more GPS stations, a greater positive impact should be expected from assimilating these observations. 4.2 Analysis of moisture, temperature, cloud water, rain water and wind fields As shown in Peng and Zou (2002) , among all model variables, changes made in the water vapor and temperature fields by rainfall assimilation have the greatest impact on QPFs. Hence, in this section, changes in the water vapor and temperature fields will be analyzed. Since a microphysics scheme is included in the model, changes in rain water and cloud water will also be examined, followed by an analysis of the wind field.
Analysis increments of specific humidity and temperature from the three 4D-Var experiments are plotted in a vertical cross section along longitude 118.07 W. This longitude was selected because it goes through a region where both GPS sites and rain gauges are located and where the maximum adjustments of precipitation and model state variables occur. At 0000 UTC (the initial time), water vapor changes in ERAIN are mainly in the middle troposphere (between 500-700 hPa, Fig. 9a ), while those in EZTD are found from the surface all the way to 300 hPa ( Fig. 9b ) with a magnitude much larger than those in ERAIN. The water vapor increments in EBOTH resemble the sum of the previous two increments (Fig. 9c) . Similarly, the temperature adjustments in EZTD are larger than those in ERAIN (Fig. 10) . At 0100 UTC (the end of the assimilation window), water vapor and temperature adjustments in all experiments shifted to the north of the initial adjustments (Figs. 11-12 ). The order of magnitude of the water vapor changes in ERAIN is similar to that in EZTD. At 0100 UTC, water vapor changes in all experiments display similar structures, i.e., a strong positive center in the middle to upper levels with a negative center in the lower levels. South of these largest increments is a weak negative center in the middle to lower levels with a positive center near the surface. The vertical structure of temperature changes (Fig. 12) shows a complex structure with several regions of cooling and warming. Because the feedback between all of the processes associated with precipitation is highly nonlinear and complex, adjustments in the water vapor and temperature fields are complex on both horizontal and vertical scales. Figures 13-16 show the differences in microphysics variables (cloud water q c and rain water q r ) between the 4D-Var experiments and CTRL at both 0000 UTC and 0100 UTC. At the initial time of 0000 UTC, adjustments in both q c and q r from EZTD are much larger than those from ERAIN (Figs. 13-14) . At 0100 UTC, however, adjustments in q c from ERAIN increased to a magnitude comparable to those from EZTD (Fig. 15) . The adjustments in q r from ERAIN are much stronger than those from EZTD, with its maximum at the surface (Fig. 16) . Such an adjustment in q r is consistent with the fact that the microphysics scheme used in this study calculates precipitation as a surface flux of rain water.
Therefore, compared to the assimilation of observed rainfall alone, assimilating ZTD can have a similar or even stronger impact on the fields of moisture, temperature, cloud water and rain water. This implies that ZTD could be a useful data source for improving precipitation forecasts, especially for those regions where observed rainfall data are not available.
The changes in the thermal structure of the atmosphere have a strong impact on the wind fields through pressure forces, and in turn, changes in the winds affect the thermal fields through convergence (divergence) and vertical motion. Thus, the question of how changes in moisture and temperature due to the assimilation of observed rainfall or ZTD lead to changes in the dynamical fields arises. This is discussed with respect to the results from EZTD.
Differences in the horizontal wind field between EZTD and CTRL at 500 hPa, 700 hPa, and 900 hPa at 0100 UTC are shown in Fig.  17 . Adjustments in the horizontal wind field occurred mainly in the regions where adjustments of moisture and temperature occurred, with an magnitude of approximately 5 ms À1 observed at 900 hPa (Fig. 17c) . These changes in the horizontal wind field are associated with significant changes in horizontal divergence and vertical motion. Figure 18 shows the verti- cal velocity along 118.07 W for both CTRL and EZTD at 0100 UTC. The assimilation of ZTD is associated with a somewhat more complex and intense pattern of updrafts and downdrafts.
The way data assimilation adjusts the model variables is different for the rainfall and ZTD observations. Since the microphysics scheme calculates precipitation as the surface flux of rain water, the rainfall data assimilation first affects the rain water and its tendency at the surface. These changes then affect the water vapor, temperature and pressure at the surface, later affecting these variables at higher levels. The adjustments of the temperature, water vapor and pressure fields affect the wind fields, the microphysical variables and the precipitation amounts. The ZTD assimilation, however, has a direct impact on the temperature, water vapor and pressure fields at all levels through the observation operator of ZTD and then on the wind fields, the microphysical variables and the precipitation amounts.
Spectral analysis
As previously mentioned, one major problem with the rainfall experiment is that the precipitation forecast skill drops quickly after the assimilation window. In contrast, although the ZTD experiment does not fit the observed rain as well as the rainfall experiment within the assimilation window, it provides comparable results after the window. In order to help understand these results, we perform a spectral analysis of selected variables. Errico (1985) developed this methodology of computing the spectrum over a limited area. We first perform a spectral analysis on 1-h accumulated observed and model-produced (CTRL) rainfall as well as on differences in 1-h accumulated rainfall between CTRL and OBS, ERAIN and EZTD (Figs. 19 and 20) . Note that the domain length is approximately 500 km, where wave number 1 corresponds to a wavelength of 500 km, wave number 10 to a wavelength of 50 km, wave number 20 to a wavelength of 25 km, and so on. From Figure  19 , we find that, at 0100 UTC and 0200 UTC, the observed rainfall has a major peak at wave number 3 and a secondary peak at wave number 10. At 0100 UTC, the model simulates the rainfall along larger scales (wave number 3) very well but not as well at smaller scales (wave number 10). At 0200 UTC, the model-produced rainfall peak at wave number 3 is weaker than the observations, and there is still a significant difference between the observations and the model-produced rainfall amounts along smaller wave scales. At 0300 UTC, the observed rainfall has a single peak along larger scales, while the control model forecast is rather weak along all scales.
The spectrum distribution of the 1-h accumulated rainfall differences between observations and CTRL shown in Fig. 20 indicates the differences between the observations and the model forecast, i.e., on what scales the model precipitation forecast needs to be improved. From Fig. 20 , we find that improvement of the precipitation forecast is mostly needed for wave numbers near 10 for the first two hours , and wave numbers near 3 at hour 3 ( Fig. 20c) . The increments of precipitation by rainfall assimilation (ERAIN-CTRL) are mainly found along smaller scales (wave numbers 8 to 20) (Fig. 20a) . Beyond the assimilation window, the increments of precipitation by rainfall assimilation (ERAIN-CTRL) remain in smaller scales while the major differences between the observations and the control forecast move from smaller scales to larger scales .
Although ZTD assimilation does not produce a fit to the rainfall observations as close as ERAIN with the assimilation window (Fig. 20a) , the peaks in the increments (EZTD-CTRL) move from smaller scales to larger scales from 0200 UTC to 0300 UTC . This may be one of the reasons why the forecast skill of precipitation from EZTD is comparable to that from ERAIN beyond the assimilation window.
Next, we perform a spectral analysis on the increments (4D-Var experiments minus CTRL) of the horizontal wind field and pressure perturbations at the surface for ERAIN and EZTD. Figure 21 and Figure 22 show the variance spectra of the differences of the meridional component ðvÞ and pressure perturbation ð p 0 Þ, respectively. It is shown that, at the initial time (0000 UTC), increments of the v-component from ERAIN are mainly along smaller scales (wave numbers 8 to 25), while the increments from EZTD are mainly along larger scales (wave numbers 3 to 10). At the end of the assimilation window (Fig. 21b ), large increments from ERAIN are found near wave number 10, while those from EZTD are along wave numbers 3 to 15. However, beyond the assimilation window, the increments from ERAIN decrease and remain at smaller scales, while those from EZTD increase at larger scales (Figs. 21c-d) .
Increments of pressure perturbations are similar to those of the v-component, except that: 1) increments from EZTD are found along all scales and are much larger than those from ERAIN at the initial time (see Fig. 22a , noting that the values for ERAIN-CTRL [solid line] are multiplied by a factor of 1000); and 2) at the end of the window (Fig. 22b) , increments from ERAIN have two peaks at wave numbers 3 and 10. Therefore, scale analysis of the forecast differences indicates that the adjustments in model variables by rainfall assimilation are mainly at small scales and remain at these small scales during the subsequent forecast. Conversely, ZTD assimilation adjusts model variables along both large and small scales, which is more consistent with the scales of rainfall observations beyond the assimilation window.
Summary and discussion
The impacts of assimilating GPS-derived ZTD and rain gauge rainfall rate observations on short-range QPFs are assessed through a case study of a winter storm occurring on 5-6 December 1997. Three 4D-Var experiments were conducted: one where only rainfall observations were assimilated, one where only ZTD data was assimilated, and one where both rainfall observations and ZTD data were assimilated. Numerical results reveal that:
1. Assimilation of hourly observed rainfall produces a close fit to observed rainfall within the assimilation window, but the improvement drops sharply beyond the window. 2. Although the ZTD data alone do not produce a rainfall distribution as accurate as do the rainfall data within the assimilation window, improvements in the QPFs beyond the window from the ZTD data are comparable to those from the rainfall data. 3. Assimilation of both rainfall observations and ZTD combines the effects of the two complementary data sources and thus produces the greatest improvement in shortrange QPFs. 4. Assimilation of ZTD or rainfall observations modifies the thermodynamic structures of the atmosphere. In rainy areas, water vapor, temperatures and winds are adjusted in favor of precipitation, consistent with the model's precipitation processes. 5. A spectral analysis of observed and simulated hourly rainfall and forecast differences between the 4D-Var experiments and the control forecast indicates that the assimilation of rainfall observations adjusts model variables mainly at small scales, while the assimilation of ZTD adjusts model variables at both large and small scales. The latter is more consistent with the scales of observed rainfall beyond the assimilation window. This is likely one of the reasons why the increase in forecast skill of QPF from ZTD observations is comparable to that from rainfall observations beyond the assimilation window. It should be noted that in this study observations from 26 GPS sites and 51 rain gauge stations were used over a relatively small model domain and a short assimilation period. Additional GPS sites and rain gauge stations over a larger area and assimilated over a longer time period would likely produce a more significant impact on short-range QPFs.
